Soils form as the result of a complex suite of biogeochemical and physical processes; 32 however, effective modeling of soil property change and variability is still limited, and does not 33 yield widely applicable results. We suggest that predicting a distribution of probable values 34 based upon the soil-forming state factors is more effective and applicable than predicting discrete 35 values. Here we present a probabilistic approach for quantifying soil property variability through 36 integrating energy and mass inputs over time. We analyzed changes in the distributions of soil 37 texture and solum thickness as a function of increasing time and pedogenic energy (effective 38 energy and mass transfer, EEMT) using soil chronosequence data compiled from literature. 39
We used a quantification of P x calculated from effective precipitation and biological 100 productivity, termed effective energy and mass transfer (EEMT, J m -2 yr -1 ) (Rasmussen and 101 Tabor, 2007; Rasmussen et al., 2005 Rasmussen et al., , 2011 . EEMT provides a measure of the energy transferred 102 to the subsurface, in the form of reduced carbon from primary productivity and heat transfer 103 from effective precipitation, which has the potential to perform pedogenic work, e.g., chemical 104 weathering and carbon cycling. Using EEMT as a simplification of P x , Eq. 2 was restated as 105 : 106
(3) 107
We further simplified Eq. 3 by combining the flux term EEMT and the age of the soil system (t). 108 EEMT multiplied by the age of the soil system, i.e. EEMT*t, provides an estimate of the total 109 energy transferred to the soil system over the course of its evolution, referred to here as "total 110 pedogenic energy" (TPE, J m -2 ). The TPE provides an estimate of P x that incorporates soil age, 111 thus Eq. 3 may be restated as: 112
where at a certain point in time the probability of a soil property existing between s 1 and s 2 is a 114 function of L o and TPE. Explicitly including time in Eq. 4 through TPE partially captures 115 variation in soil property change attributable to topography and parent material. Soil residence 116 time may be directly related to landscape position through topographic control on soil production 117 and sediment transport/deposition (Heimsath et al., 1997 (Heimsath et al., , 2002 Yoo et al., 2007) . Additionally, 118 parent material modulates soil residence time through control on soil depth (Heckman and 119 Rasmussen et al., 2005) , soil production, and sediment transport rates (Andre 120 and Anderson, 1961; Portenga and Bierman, 2011) . The initial conditions of the soil forming 121 system (L o ) are never fully known; however, representing the state of the soil system as a 122 SOIL Discuss., doi:10.5194/soil-2016-63, 2016 Manuscript under review for journal SOIL Published: 18 October 2016 c Author(s) 2016. CC-BY 3.0 License. probable distribution of values, implicitly accounting for soil age, and not constraining the initial 123 soil forming conditions, Eq. 4 can be stated simply as: 124
where the probability state of the soil, ℙ s ! ≤ S ≤ s ! , bounded by a lower and upper limit, is a 126 function of one quantifiable variable. 127
Quantitatively realizing Eq. 5 required the use of predetermined joint probability density 128 functions parameterized with TPE and a selected soil physical property. Bivariate normal density 129 functions were calculated to determine the probability of a soil property range given a TPE 130 value. The bivariate normal density distribution (Ugarte et al., 2008) was calculated as: 131
where, ρ represents the correlation coefficient, µ x is the mean of TPE, µ y is the mean of the 133 selected soil physical property, σ x is the standard deviation of TPE, σ y is the standard deviation 134 of the selected soil physical property. Using the bivariate normal density functions, conditional 135 mean and variance values were calculated given a value of TPE; the conditional means and 136 variances parameterized conditional univariate normal distributions for the selected soil physical 137
properties. The conditional mean (Ugarte et al., 2008) was calculated as: 138
where, µ Y|X=x is the conditional mean soil property value given a value for TPE. The conditional 140 variance (Ugarte et al., 2008) was calculated as: 141
where, σ !|!!! ! is the conditional variance of the soil property given a value of TPE. 143 energy (TPE, J m -2 ) was derived simply by multiplying EEMT (J m -2 yr -1 ) for each soil profile by 174 its reported age (yr). TPE was used because it was a better predictor of soil physical properties 175 relative to mean annual temperature, mean annual precipitation, or net primary productivity 176 (Table 3) . 177 178
Application to chronosequence data 179
The chronosequence database included 45 distinct chronosequences representing 416 180 different soil profiles. We focused here on changes in sand, silt, and clay content and solum 181 thickness as proxies for soil change with time. We tested the approach on depth weighted (DWT) 182 sand, silt and clay content (reported as weight %), as well as the maximum measured value of 183 sand, silt, and clay content within each soil profile. Buried horizons were removed from the soil 184 profiles before either the maximum or DWT content values were calculated. For soils reported in 185 McFadden et al. (1986) , surficial modern-aged eolian horizons were removed; the reported ages 186 of the soil-geomorphic surface more closely matched the buried horizons under the eolian 187 horizons. Solum thickness was extracted for each profile, defined as the thickness of the horizons 188 influenced by pedogenic processes or the depth to C horizons (Schaetzl and Anderson, 2005) . 
Application to complex terrain 208
By design, soil chronosequences are generally sited on gentle, low sloping terrain to 209 minimize the influence of topography and erosion/deposition on soil formation (Harden, 1982) . 210
However, much of the Earth's surface is characterized by complex topography with high relief, 211 steep slopes, and differences in slope aspect. Any predictive soil model or approach must be 212 were also included to test the model (Table 1) calculated the mass per area clay content of these profiles using soil depth to correct for these 235 processes, as: 236
where, ρ b is the soil bulk density assumed to be 1500 kg m -3 for all soil profiles, µ Y|X=x, DWT CLAY 238 is the predicted conditional mean for depth weighted clay content (DWT CLAY) using Eq. 7, 239 RF% is the measured depth weighted percent volume rock fragments within the soil, when no 240 RF% data were available we assumed a value of 41.7%, which was the average RF% for profiles 241 with reported values, and h is the soil depth in meters. Using Eq. 9, mass per area clay was 242 calculated for each soil profile. Further, we examined the impact of depth, rock fragment 243 percentage, and predicted conditional mean DWT clay on the predicted mass per area clay 244 predictions using multiple linear regression. 245 EEMT and soil residence time to predict DWT clay, and coupled with modeled depth in Eq. 9 to 258 predict mass per area clay at 2 m pixel resolution. We assumed a constant 50% rock fragment 259 value for each location. The coupled geomorphic-TPE model outputs were compared with point 260 measures of mass per area clay from Holleran et al. (2015) and Lybrand and Rasmussen (2015) . 261
Model data were completely independent from Holleran et al. and Lybrand and Rasmussen and 262 these datasets served as a validation for the modeled output. 263 264
Results 265

Application and parameterization to chronosequences 266
The relationships between TPE and soil texture and solum thickness were used to 267 calculate the bivariate probability distributions. The bivariate probability distributions (Eq. 6) 268
were parameterized using the chronosequence database (Table 2) . Furthermore, the relationship 269 between TPE and the soil properties was stronger than just using age, NPP, MAP, or MAT alone 270 (Table 3) . Age was expected to strongly correlate to the soil properties due to the design of 271 chronosequence studies; however, comparing age and TPE separately, the percent increase in 272 Spearman rank correlations (r) ranged from 1.9% (DWT Silt) to 22.4% (Max Sand). Maximum 273 and depth weighted silt content were weakly correlated to both age and TPE and exhibited only a 274 minimal change in Spearman's rank correlation with TPE relative to age. 275
The correlation between TPE and maximum clay content (Fig 3, ρ=0 .78, r 2 =0.61, 276
Max!Clay = −7.35 + 1.36 * log(TPE), df=414) was highly significant, and presented the 277 strongest probabilistic relationship determined between TPE and the soil properties. The 278 bivariate probability surface displayed the greatest probability around the joint means between 279 TPE and maximum clay content (Fig 3) . Solum thickness and TPE were also strongly related, 280 When correcting for the influence of hillslope processes by explicitly including soil depth 319 and calculating mass per area clay, the approach effectively predicted clay content, with an 320 r 2 =0.81 (Fig 6b, y=1 .56x-15.2, p<0.0001, RMSE=84.4 kg clay m -2 ), only slightly overpredicting 321 clay content, with a slope of 1.56. Soil depth was the strongest contributing factor to the mass per 322 area clay prediction with the greatest sums of squares in a simple multiple linear regression 323 including depth, RF%, and DWT clay% ( 
Coupled geomorphic-TPE model 328
The coupled geomorphic-TPE model effectively predicted mass per area clay for the 329 majority of soils located within the Marshall Gulch subcatchment with an r 2 =0.74 (Fig 7a,  330 y=0.85x-5.00, p<0.0001, RMSE=17.7 kg clay m -2 ). For a subset of soils, the model did not 331 effectively predict mass per area clay, and were excluded from the regression in Fig 7a; four of 332 these soils were located on the east-facing ridge of the catchment, and an additional two soils 333 were formed on amphibolite rather than the granite or quartzite materials that all of the other 334 soils in the catchment were derived from. All of these locations also exhibited a poor fit between 335 modeled and measured soil depth (Fig 2e) . The spatial distribution of mass per area clay was also 336 predicted across the catchment (Fig 7b) , independently of measured data, and generally 337 conformed to previously predicted spatial distribution of clay stocks in the Marshall Gulch 338 catchment (Holleran et al., 2015) . 339 Sand and silt displayed weaker relationships with increasing total pedogenic energy. The 359 lack of correlation of sand and silt to TPE may result in part from the definitions of the particle 360 size classes. Sand sized particles span several orders of magnitude difference in particle size, 361 ranging from particles of 2 mm to 0.05 mm (Soil Survery Staff, 2010), whereas clays are 362 constrained to particles less than 0.002 mm. The sequential weathering of rock fragments and 363 coarse sand to fine and very fine sands therefore is not reflected in total sand content and likely 364 diminishes the relationship between sand content and total pedogenic energy and time (Pye and 365 Sperling, 1983; Pye, 1983; Sharmeen and Willgoose, 2006) . The relationship between silt 366 content and pedogenic energy was the weakest of the three broad particles size classes (Tables 2,  367 3). Similar to sand, the silt size fractions span an order of magnitude in particle size ranging from 368 0.05 to 0.002 mm in diameter. Additionally, the silt fraction may also be heavily influenced by 369 deposition of eolian material and thereby introduce an additional mass of silt that was not 370 derived from the direct weathering of the initial using soil thickness as a proxy for the strength of these redistributive hillslope processes, and 391 converting the predicted conditional mean clay content value to a mass per area basis, the model 392 was able to capture differences in clay content across complex terrain for a variety of lithologies 393 and climates. The differing lithologies, climates, or vegetation types did not appear to impact the 394 ability of the model to predict clay contents, likely because soil depth accounts for many of these 395 
Advantages of probabilistic approach 426
Simplifying and representing the soil-forming factors as multivariate distributions and 427 probabilities has the potential to quantitatively represent the general state-factor model, making 428 the approach universally applicable. The initial state of the soil can likely never be fully known, 429 leading to variability in soil properties over time that cannot necessarily, or ever, be attributed to 430 any external factor (Phillips, 1989 (Phillips, , 1993b . A probabilistic approach utilizes that variability to 431 drive predictions and understanding of these systems. Similar to the approach taken here, 432 building distributions of the soil-forming state factors that are associated with distributions of 433 particular soil properties could yield probabilistic predictions of soil formation and change. We 434 selected to use a representation of climate and biology (EEMT), however, depending on the soil 435 property of interest the variables needed to parameterize the distributions would likely change; 436 for example, if interested in organic matter content, aboveground net primary productivity or 437 normalized difference vegetation index may be better predictors of organic matter accumulation. 438
The strength of this approach lies in the fact that no assumptions are made about the initial 439 conditions of the soil forming system or the specific soil forming processes. Predicting probable 440 distributions of soil physical properties implicitly acknowledges that our understanding of any 441 SOIL Discuss., doi:10.5194/soil-2016-63, 2016 Manuscript under review for journal SOIL Published: 18 October 2016 c Author(s) 2016. CC-BY 3.0 License. system is incomplete, but explicitly quantifies uncertainty in predictions and constrains the 442 potential observable values to a predicted range. Utilizing this approach will require the 443 necessary data to build distributions that are widely representative and applicable to most 444 locations (Yaalon, 1975) . With wide accessibility to large databases of soil information, such as 445 the US National Soil Information System (NASIS) and the FAO Harmonized World Soil 446
Database, access to the required amount and quality of data may be possible. Similar to the 447 present study, simple bivariate distributions could be solved to calculate conditional distributions 448 based on the soil-forming state factors, effectively producing quantitative probabilistic 449 representations of Jenny's original equation (Jenny, 1941) . 450
The simplicity of the present approach allows easy integration into pre-existing 451 geomorphic models of landscape evolution. Past approaches that have combined pedogenic and 452 landscape evolution models have generally focused on producing hypothetical soil-landscape 453 relationships that progress forward through time (Minasny and McBratney, 2001; Vanwalleghem 454 et al., 2013) , or have focused on idealized landscapes (Temme and Vanwalleghem, 2015) . 455 However, by combining probabilistic approaches parameterized using known landscapes, and 456 geomorphically based landscape evolution models, both potential soil-landscape evolution 457 scenarios can be investigated, as well as predictions of the current state of the soil-landscape. As 458 was demonstrated in Fig 7B, combining the present approach with geomorphically based soil 459 depth models generated from DEMs has great potential to predict soil properties across a diverse 460 range of environments, without needing prior knowledge of the landscape other than topography 461 and climate. 462 implicitly assumes no information about the initial conditions, only that all clay production is a 471 pedogenic process. Applying this approach to parent materials, where a large fraction of clay-472 sized particles formed through non-pedogenic processes, is thus limited and may explain why the 473 model was ineffective for some soils. Refining the current approach would require normalization 474 of soil to the particle size distribution of the soil parent material. Past studies have utilized highly 475 production (Hotchkiss et al., 2000) . Taking into account the differences in past and modern 511 climate would likely diminish disparities between observed and modeled soil physical properties. 512
Reconstructed global paleo-EEMT values would improve model accuracy, and limit uncertainty 513 in the probabilistic ranges of soil properties for soils older than Holocene age. 514 515
Conclusion 516
The present approach effectively predicts soil physical properties across a diverse range 517 of geomorphic surfaces, lithologies, ecosystems, and climates. Further, this approach is 518 mathematically simple and only requires knowledge of the probable age of a geomorphic surface 519 and the effective energy and mass transfer value associated with a given location, making this 520 approach universally applicable. The simplicity of the probabilistic approach is the lack of 521 assumptions about the initial conditions of the soil forming state or the processes driving soil 522 The results were subdivided by general soil parent material: igneous, metamorphic, and sedimentary; the points represent the geomorphic surface each soil formed on, and the colors represents the EEMT value for the location of each soil. Using LOOCV, where one chronosequence was removed from the model dataset and the remaining datasets were used to predict the parameters of the bivariate distributions, the conditional means of the left out chronosequence was determined. The model was effectively able to predict the conditional mean values of the max clay contents with an r 2 =0.54 (RMSE=14.7%). The model was least capable of predicting the clay contents on coral reef terraces (+), and appeared the most effective for alluvial surfaces (□). (B) Prediction of mass per area clay using Eq. 9. The model was incapable of directly predicting DWT clay for the soils in complex terrain due to redistributive hillslope processes, r 2 =0.25 between measured and predicted conditional mean DWT clay (A). By including information about soil depth and percent volume rock fragment, and converting DWT clay to mass per area clay, the model was significantly more effective at predicting clay contents for these soils r 2 =0.81. 
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